Abstract-The screening curve method (SCM) is an intuitive and fast model that estimates the least-cost generation mix for generation planning purposes. It calculates an economically adapted generation mix for a target load duration curve within a few seconds, but lacks many detailed considerations of the generation system. In order to improve SCM, many developments have been made in recent years. However, one of the biggest limitations had always been that the SCM assumed all capacity to be new with no existing capacity. This drawback made SCM less useful compared to other generation planning models. In this paper, we develop a direct way to model existing capacity in SCM. The proposed method is studied in this paper and is illustrated with an example. Finally, an ERCOT year 2030 case is simulated.
I. INTRODUCTION

G
ENERATION planning seeks the optimal capacity of generation capacity expansion for future years. Because it treats long-term anticipation, inevitably, the inputs are subject to years of changes, such as fuel prices, technology development, and policy. Besides, generation planning models (mathematical programming models) are not intuitive and are hard to comprehend. With these problems, generation planning models work as sensitive black boxes, where results take hours or days. If the result is bizarre, another set of inputs or constraints will be used, until the results can be explained. Usually, the result is more dominated by the choices of the input variables rather than the model itself. In order to capture the input uncertainties, generation planning is usually made for a couple of scenarios, such as high natural gas price or high carbon tax scenario. However, because of the complexity of the models, only a limited number of scenarios are likely to be analyzed and using two to three points provides inadequate information to infer a trend for an input variable.
Two of the most significant missing links in generation planning field are the interpretation of the generation planning model and a better "trend" analysis (sensitivity analysis with extended ranges). A method that can shed light on these two issues is in great need. The Screening Curve Method (SCM) is a model that estimates the least-cost generation mix for a target year, and it is a good tool to provide answers to these two issues. SCM is very visual and intuitive, and the results are driven by the cost curves of all the competing technologies. Furthermore, SCM only takes a few seconds to reach an optimized result, so thousands of simulations can be done in a few hours to study the full trend. However, there were many limitations to SCM itself, which made it less appealing. Solving these limitations have been our motivations to develop SCM, while maintaining its beauty of simplicity and interpretability. We have provided a version of the code for free download from [1] .
SCM was first proposed in [2] in the 1960s. SCM compares the summations of annualized upfront investment costs and production costs of multiple technologies to determine the least-cost generation mix solution. The start-up cost, thermal cycling issues and other miscellaneous short-term operation issues are modeled in [3] in 2013 and are further developed in [4] in 2015. These improved SCMs use heuristic approaches to determine the economical operational conditions of the generating units, such as the consideration of the tradeoff between staying online at a lower output level or shutting-down. Furthermore, ancillary services impact is modeled in [5] in 2015, hydro scheduling is discussed in [7] in 2016, and outage issues are modeled in [6] . These enhancements make the SCM more comprehensive.
However, one of the most crucial limitations of SCM is that the it had not been able to directly model the existing capacity in the generation system. A basic idea about how to consider existing capacity in SCM was discussed in [8] ; however, the method does not apply to most of the applications and is not compatible with the recent developments in the SCM. On the other hand, starting from 1970s, mathematical programming models, such as proposed by [9] , are able to explicitly consider the existing capacity using constraints. Computational time is a major concern for this method, especially for solving a large system using Mixed Integer Programming. To alleviate the burden of the integer variables, an alternative approach of iteratively handling existing capacity is utilized in AURORAxmp [10] and "MOSSI" (Merit Order Stack with Step Investments) model proposed by [11] . Both of these two models are profitmaximizing models. They start with only considering existing units and calculate 1 hourly marginal prices for the target year.
Then they use the marginal prices to check the potential profits for the existing units and the new units, and, consequently, to decide investment (for new units) and retirement (for existing units). Next, they pick a fraction of the most profitable units to add and the not profitable units to retire. Subsequently, the hourly marginal prices are updated using the new set of units and calculation is repeated. The equilibrium is found when no more potential capacity is expected to break even. The approaches described above all have their own limitations and compatibility issues for SCM. The objective of this paper is to improve the SCM and overcome this obstacle. This improvement does not significantly increase computational time, but raises SCM to a new level. With the consideration of existing capacity in a direct approach, many further potential developments become possible, such as multiple-year generation planning using dynamic programming. In this paper, the methodology is explained, the optimality proof is provided, and a small example is illustrated for a better understanding of the method. This paper is structured as follows: Section II briefly describes the basic ideas of SCMs; Section III introduces the proposed methodology of considering existing capacity; Section IV summarizes the methodology and illustrates the procedure with a small example; Section V discusses the retirement of existing units; Section VI presents an ERCOT case study; Section VII includes a discussion about the proposed methodology; and Section VIII draws conclusions.
II. BACKGROUND OF SCREENING CURVE METHOD
The development of the Screening Curve Method (SCM) is introduced in detail in [2] , [3] and [4] . In this paper, we briefly summarize the idea of SCM in preparation for some further discussion to incorporate existing capacity into the model. Basic SCM formulations require two sets of input data: costs and a load duration profile for a target year. Cost data include annualized capital cost, fuel cost at full output, fuel cost at minimum output, start-up cost, and so forth. The costs data can be used directly and no additional processes are needed.
For advanced SCM applications, a chronological load profile is also required. Firstly, the load profile is discretized into multiple load slices depending on the desired accuracy. For example, if accuracy is set to be 0.1 GW, then a system of 90 GW peak load will be divided into 900 load slices. Each load slice is referred to by its "load level."
Secondly, for each load slice, there is a corresponding generating unit of the same size 2 to balance it for relevant hours in the whole year. SCM determines the generating units' operation conditions based on an economic dispatch approximation. Fig. 1 is an example that illustrates the dispatch. In the figure, the load profile is represented by a dashed curve, the studied load slice is bounded by two horizontal straight lines. In this example, the load slice is separated into 5 intervals. In intervals 1, 3, and 5, the corresponding generator needs to operate at full output to balance the load slice. In intervals 2 and 4, there are two options: (a) the generator completely shuts down, and a restart will occur at the end of this interval; (b) the generator operates at minimum output level if the system has enough flexibility, but the operational efficiency of the generator will be reduced. For longer durations, option (a) is more economical; while for shorter durations, option (b) is more economical. A time threshold between these two options can be developed based on rule-of-thumb [3] or economic consideration [4] . Here, the time threshold is set to be 10 hours regardless of technology following the rule-of-thumb. Interval 2 is longer than 10 hours, so the corresponding generator should be offline during this period; Inverval 4 is shorter than 10 hours, so the corresponding generator should be operated at minimum output. 3 Finally, the operating hours at minimum output and full output level and the number of start-ups for each load level is recorded based on the approximation of economic dispatch.
With dispatch strategy and the recorded operation information associated with each load level, we are ready to calculate the total annual cost at each load level ll for each technology tech. The total annual cost includes: (a) total variable costs (at full output and minimum output level), (b) total start-up costs, and (c) annualized fixed costs.
(1)
As long as the operation information is known, these three components can be modeled with or without further details based on specific needs. For example, the variable operational and maintenance (VOM) costs can be incorporated if needed; the start-up can be separated into hot starts and cold starts, see [4] for details.
The least-cost choice of technologies varies with load level, since each load level has different operating hours and number of start-up. The goal is to find the optimal technology T ech * for each load level.
By evaluating the total amount of each technology in the system based on the minimum cost technology for each load level, the least-cost generation mix is obtained. Fig. 2 is an illustration of SCM with annual total cost on the vertical-axis and load level on horizontal-axis. Three tech- nologies are considered: coal, Combined-Cycle gas turbines (CC), and simple-cycle Combustion Turbines (CT). The total cost curves are given by (1) and evaluated for each of the three technologies versus load level. The least-cost generation mix is visualized in the graph as the lowest segments of the total cost curves of the three competing technologies. Another way to look at this is that we are actually minimizing the shaded area enveloped by the three total cost curves.
III. METHODOLOGY AND PROOFS: CASE BY CASE
Previously, SCM could only calculate generation mix assuming all capacity to be new. Since it is rarely the case that a system is built from the ground up, SCM was not competitive compared to other mathematical programming based models. This had been one of the biggest drawbacks of SCM for the past 50 years.
Existing capacity is different from new capacity in two aspects: the fixed cost in (1) is zero 4 ; and the capacity is fixed. Unlike new capacity, only the location on load levels need be optimized. In Fig. 3 , two scenarios of 5 GW of nuclear existing capacity are considered. The total cost curve of existing nuclear is represented by the black dash-dotted curve. The top panel is the scenario that existing nuclear locates at low load levels, and the bottom panel is the scenario that it locates at high load levels. When existing capacity is considered, the new capacity segment for the same load level should be replaced by the existing capacity segment in the graph, so the shaded area will be reduced. Obviously, in Fig. 3 the two position choices lead to different shaded areas, consequently different overall system costs. The objective is to minimize the shaded area, which is equivalent to maximizing the area to be replaced. The calculation includes two sequential steps: find the least-cost curve of the new technologies and find the optimal position (load levels) for the existing capacity. The first step is well explained by the previous SCM literature. The question remaining is: what is the optimal position for the existing capacity? For example, in Fig. 3 , the optimal position is at low load levels for existing nuclear capacity. The answer varies with the type of the existing technology and this will explained by this paper.
A. Assumptions
In the following, a result will be proved about the optimal position for existing capacity. Two assumptions are made in this paper for a strict proof of the optimality: (a) the time thresholds between maintaining at minimum output and shutting-down are the same for all generating technologies and (b) non-fixed cost (variable cost plus start-up cost) satisfies the merit order.
The "same time thresholds" assumption is a strong assumption that makes the operation condition of a load level independent of the technology type. In other words, the operating hours and number of start-ups at each load level is assumed independent of the generation technology type. This allows us to derive operation information without knowing generation type, and the operation information will not change during the whole calculation process. This assumption is an approximation of the realworld operation, but is needed for a strict proof of optimality.
"Non-fixed cost satisfies the merit order" is a stronger version of the SCM's original merit order assumption. Originally, the merit order assumes that baseload technology has higher fixed cost but lower variable cost, and vice versa. Although baseload technology tends to have higher start-up cost, yet the startup cost is relatively small compared to the variable cost. For this reason, we assume that the summation of start-up cost and variable cost (non-fixed cost) still conforms with merit order, see Fig. 4 , so that non-fixed cost curves do not cross. At low load levels, the operating hours are all 8760 hours, so the curves plateau on the left side; At the peak load level, the operating hours and amount of start-ups are approaching zero, so the curves reach zero on the right side.
The non-fixed cost corresponds to the first two terms in (1), which can be expanded as:
Where VFC stands for variable fuel cost and SC stands for startup cost. Hour and Starts are independent of technology type and thus not functions of tech. Based on the assumption above, the first order derivative of the non-fixed cost over ll is dominated by the VFC term. Hence, at any given ll, the technology with a higher variable fuel cost will always have a higher derivative (steeper) unless ∂Hour(ll)/∂ll = 0. For example, the red circle curve (coal) is always "steeper" or as flat as the green square curve (nuclear). This assumption will be referred to as Assumption (i).
This assumption is realistic in most generation systems. However, in some data sets, this assumption might be slightly violated. 5 In these cases, the methodology proposed is still viable, but it is not strictly supported by the proof provided. It is important to notice that some unrealistic high start-up costs will definitely nullify the method, but we will not encounter them in the real world.
In this section, we will use four technologies for illustration: nuclear, coal, CC, and CT, with nuclear being the lowest in the order and CT being the highest in the order. Furthermore, we assume the non-fixed costs to be the same for the new and existing generators of the same kind. This is only for illustrative convenience and is only assumed in this section. The technologies of the new and existing capacity are all sorted based on their non-fixed cost order, and we will refer to this as "the order" for brevity.
We will continue to use the same set of symbols to separate different technologies: green squares for nuclear; red circles for coal; blue triangles for CC; and purple stars for CT. It is easy to distinguish the total cost curves of new capacity from the old by checking if the curve reaches zero. Moreover, we make it clearer by using hollow symbols for the new capacity curves, and solid symbols for the existing capacity curves.
B. Single Technology of Existing Capacity
We start with the simplest case where there is only one single technology that is existing in the generation system and the rest will all be new capacity. We assume that the peak load is greater than the existing capacity, or otherwise we would not need to build more capacity.
1) Case A: the existing technology is at either end of the order:
When the considered existing technology (e.g. 5 GW capacity) has the most expensive or the least expensive non-fixed cost among all the technologies considered, it is either at the highest or the lowest position of the order. From Assumption (i), it is easy to conclude that the gap between the least-cost curve of the new technologies and the cost curve of existing nuclear is monotonically decreasing as is shown in the top panel of Fig. 5 , and that the gap between the least-cost curve and the existing CT is monotonically increasing (from a negative value at 0 GW load level) as is shown in the bottom panel. Our goal is to minimize the shaded area, and part of the area will be replaced by blank area because of the existence of existing capacity. So, equivalently, we want to maximize the blank area to be replaced. Because the gap is monotonic, so the optimal blank area is an integral of the gap over load level 6 and the integral is also monotonic. Therefore, the optimal position of the existing nuclear is at the lowest load levels and the optimal position of the existing CT is at the highest load levels in this system.
2) Case B: the technology of the existing capacity is in the middle of the order: When the existing technology has an intermediate non-fixed cost compared to the new technologies, it is in the middle of the order. Fig. 6 shows an example where nuclear and CT are the only potential new technologies and CC is the existing technology. The two new technology curves cross at one point, and we call the corresponding load level as "crossing load level."
To the left of the crossing load level, the least-cost curve is the same as nuclear curve; and to the right of the crossing load level, the least-cost curve is the same as CT curve. Based on Assumption (i), the gap between least-cost curve and existing CC curve is monotonically decreasing away from the crossing load level in both directions. Again, in order to maximize the blank area to be replaced, the existing capacity should be located so that it overlaps the crossing point.
We denote the value of the crossing load level by a constant c (this value is known and fixed since the optimization of new capacity is known at this point); the total existing capacity of CC by a constant b; and, the left edge of the position of existing CC to be a variable x. Our goal is to find an x that maximizes the integral of the gap. As shown in Fig. 6 , when x is in the interval from 0 to c − b, the whole integral is to the left of the crossing load level and is monotonically increasing; in the interval from c to the right end, the whole integral is to the right of the crossing load level and is monotonically decreasing. So the maximizer x * is in the range [c − b, c]. It can be proved that the integral has only one global maximum (could be multiple maximizers x * if some segments of the two curves are parallel). We search for the maximizer x * from c − b to c. The integral will increase in this range until it reaches maximum, and the maximizer is found. If there are multiple maximizers, we prefer to keep it at the lowest value so that the existing capacity has fewer start-ups.
C. Multiple Technologies of Existing Capacity
If we only follow the process described above and optimize the position of the existing technologies one by one, we may find some conflicts in the case of multiple existing technologies.
For example, as is shown in Fig. 7 , we still consider a system where the new technologies are nuclear and CT. But, this time, two intermediate order existing technologies, coal and CC, are considered. We assume 6 GW coal and 10 GW CC exist in the system and try to optimize their positions separately. The top panel of Fig. 7 illustrates the optimized position for existing coal and the bottom panel illustrates the optimized position for existing CC. As we can see in the graph, there is an overlap shared by the two separately optimized positions. Since each load slice is served by only one generation unit slice, we need to consider two existing technologies together.
Two factors should be considered. The shape: how should the two existing capacity areas be arranged given the position; The position: what is the optimal position of the capacity given the shape. Fig. 8 is used to demonstrate the method when dealing with two existing technologies together.
1) The shape: Based on Assumption (i), the gaps are monotonically decreasing for both coal's and CC's curves away from the crossing load level in both directions. Thus, the shape of the two existing capacity areas are maximized when they are continuous integrals over the load levels. For example, area ACDH for existing coal and HEF G for existing CC.
Furthermore, the existing capacity areas ACDH and HEF G are equal to the sum of areas ABF G and BCDE. When BCDE is sliding on the load levels, its area declines from left to right due to the fact that CC has a higher order than coal. For any given position (the position of line AB is fixed), line BC cannot slide to the left of AB, so the total area is maximized when line AB and BC are aligned. In other words, existing coal capacity must locate at lower load levels than existing CC capacity so that the area is maximized.
Hence, the shape is optimized when all existing capacity areas are connecting continuous integrals and they appear in the same order from left to right on the load level as their technologies' merit order. Shape ACDEF G as illustrated in Fig. 8 is an example of an optimal shape.
2) The position: With the optimal shape determined, we continue our discussion to the position. Similarly, we denote the value of the crossing load level by constant c, the existing capacity of coal by a, the existing capacity of CC by constant b, the left edge of the position of area to be variable x. Our goal is to find an x that maximizes the total integrals of the gap.
Note that there are two types of gaps here, one is the gap between the least-cost curve and coal's curve, the other is the gap between the least-cost curve and CC's curve. For a clearer illustration, we extract the value of the two types of gaps as two new functions of load levels ll and plot them in Fig. 9 with f 1 (ll) representing coal's gap and f 2 (ll) representing CC's gap. Now the objective becomes maximizing the shaded area g(x) on variable x:
Moreover, there are some properties of f 1 (ll) and f 2 (ll) that can be derived: because f 1 (ll) and f 2 (ll) are piece-wise functions derived from differentiable functions of ll given by (1), they are differentiable on ll except at the crossing load level ll = c where the two segments of the function connect; f 1 (ll) and f 2 (ll) both have the same single maximizer at ll = c; Because of Assumption (i), to the left of the crossing load level in Fig. 8 , the gap between CC and nuclear is "steeper" than between coal and nuclear, so the first order derivatives f 2 (ll) ≥ f 1 (ll) ≥ 0, ∀ll < c. Similarly, to the right of the crossing load level, the gap between CT and coal is "steeper" than between CT and CC, so 0 ≥ f 2 (ll) ≥ f 1 (ll), ∀ll > c. Finally, constants a and b are greater than 0.
Lemma 1: The maximizer x * of g belongs to [c − a − b, c]. Proof: In Fig. 9 , when x is less than c − a − b, the shaded area is all to the left of crossing load level c. The integrals of both functions are monotonically increasing, and so is the summation of them; Similarly, when x is greater than c, the shaded area is all to the right of the crossing load level c and is monotonically decreasing. Therefore, the maximizer
Lemma 2: The first order derivative g is monotonically de-
Proof: g(x) is defined by (3), so its first order derivative
Because f 1 and f 2 are differentiable almost everywhere, so g is differentiable almost everywhere and the second order derivative of g is
where g (x) is defined for all x for which the corresponding f 1 and f 2 are defined. Depending on whether g (x) can be equal to 0, the maximum is reached at x * that satisfies g (x * ) = 0 or at either boundary. If a = 0, the theorem proves the single existing technology case as in case B of Section III. Similar proofs can be done for more than two existing technologies using mathematical induction.
3) Algorithm: The optimality conclusions of the shape and the position of the existing capacity can be programmed to efficiently search for the optimal solution. We use the example of Fig. 8 as our illustration. The crossing load level is c and the total existing capacity is a + b. Note that, in this section, we only consider multiple existing technologies in between two new technology (i.e. around one crossing load level). Then, the existing technology with the smallest index is arranged at crossing load level minus total existing capacity. The next smallest technology stacks on its previous existing technology, and so forth for the rest to form the optimal shape. In the example, existing coal starts from load level c − (a + b), and CC stacks on and starts from c − b.
Finally, the stacked area slides from the beginning position (c − a − b) to c and stops when the area reaches a maximum. Theorem 1 guarantees the optimality in the range.
IV. CLUSTERING AND THE OVERALL METHODOLOGY
Section III discussed and proved the optimization of existing capacity under different circumstances. In this section, we study the overall method that is able to recognize those circumstances and synergize those optimization branches.
A. Clustering
If more than one existing capacity blocks have overlapped load levels when considered separately, they should be optimized as a whole. Before the introduction of the overall method, a clustering method is studied to group the overlapped existing technology together. Fig. 10 is used as an illustration where there are four existing capacity blocks aa, bb, cc, and dd. We define them to be overlapped if their projections on the horizontal axis are overlapped. Also, for simplicity, the notation ".left" and ".right" are introduced to represent the left edge and the right edge of a block, respectively. For example, aa.right means the right edge of block aa. Furthermore, the notation "<=" and "=>" are used to indicate "to the left of" and "to the right of," respectively. For example, aa.left <= bb.right means block aa's left edge is to the left of block bb's right edge.
It is easy to prove that aa and bb are overlapped if both (aa.left <= bb.right) and (bb.left <= aa.right) conditions are satisfied. Based on this criteria, the clustering is done by an iterative process. In the first iteration, set group 1 to include block aa. Since group 1 is overlapped with bb, so bb should be included. In the second iteration, set group 1 to include block aa and bb. Now group 1 is overlapped with cc, so cc should also be included. In the third iteration, set group 1 to include block aa, bb, and cc. Group 1 is not overlapped with block dd, so set group 2 to include dd. All blocks are checked, so the calculation ends. The four blocks are clustered into two groups. Note that block aa and cc are originally not overlapped, but, because of block bb, they are still clustered together.
B. Overall Methodology
The overall methodology is an iterative process that involves the combination of the clustering and optimization of the existing capacity discussed previously. In one iteration, the existing capacity blocks are clustered based on their overlap conditions, and then optimized based on their clustered groups. The optimization approaches assign the groups to new positions, and the next iteration will cluster the groups based on their updated positions. Furthermore, if some blocks are assigned to be one group in an iteration, they stay in the same group for the next iteration.
We demonstrate this method with an example. For better understanding, both Fig. 11 and Fig. 12 are provided. Fig. 11 presents the method by using block shapes to represent each existing technology, while Fig. 12 uses the cost curves and shows how the existing technologies appear in the SCM plot. In this example, 3 new technologies are considered, new coal, new CC, and new CT, the same as is shown in Fig. 2 . The figure is repeated in the top panel of Fig. 12 (initial state), but is abstracted to just two vertical lines representing the position of the crossing load levels in Fig. 11 for block view. In addition, 6 existing technologies 1 through 6 are considered, their indexes are written in red color. Technology 1 (existing nuclear) has a VFC lower than new coal, technologies 2 and 3 (existing coals) have VFCs in between new coal and new CC, technologies 4 and 5 (existing CCs) have VFCs in between new CC and new CT, and technology 6 (existing CT) has a VFC higher than new CT. In each iteration, their clustered groups are referred to as group written in blue color.
In the initial state, the existing blocks are randomly assigned to single member groups with no overlaps, and the crossing load levels are found and are shown as two vertical lines. In the first iteration, each existing technology is clustered as a separate group due to the fact that there are no overlaps. Then each group is optimized independently, and their positions are shown in Fig. 11 and Fig. 12 . In the second iteration, clustering method recognizes that technologies 2 and 3 are overlapped, and so are technologies 4 and 5. So a new set of groups are obtained as shown in the figures. Next, the updated groups are optimized. In the third iteration, the clustering method still notices that technology 3 and 4 are overlapped, so they should be clustered together. In addition, technologies 2 and 3, and technologies 4 and 5 belong to the same groups, respectively. Hence, all technologies 2 through 5 are clustered into one group and optimized as a whole. At this point, no further overlap can occur, so the algorithm stops with the optimal location of existing capacity, as illustrated at the bottom of Fig. 12 .
V. RETIREMENT OF THE EXISTING GENERATION
A generation unit will retire when it is more expensive to retrofit it than to build a new one (possibly of a different type). In addition, as a unit is aging, it becomes more and more expensive to retrofit and maintain it. Also its efficiency will fall, raising its non-fixed cost curve. So there is usually an expected lifetime of each type of power plant. Some lifetimes can be extracted from historical data, such as Ventyx data adopted in AURORA [10] . However, we are also interested in how to model the retirement of the existing generation from an economical perspective.
A generator owner would only retrofit an existing unit if it is cheaper than building new ones. As a consequence, we need to compare the total cost curve of the existing generation with the new generation. In other words, there is an additional screening process for the existing generators to check if they are "qualified" to remain as existing capacity or should be retired. Note that their capital cost is already sunk, and only a retrofit cost is incurred, which can be represented as an annualized fixed cost (such as fixed O&M cost). The declined efficiency is modeled as increased heat rates for the existing generators.
We test the existing generation sequentially with all new technologies using (1) as if they were new technologies. For example, test existing coal generation with all new technologies first, then for CC, and so forth. There are three outcomes for each existing generation test: (a) the existing generation is not selected as an optimizer, which means it is not economical to retrofit it; (b) the existing generation is selected but the needed capacity is less than its total capacity, which means it is only economical to retrofit part of the generation; and (c) the existing generation is selected and the needed capacity exceeds its total capacity, which means it is economical to retrofit all of its capacity.
The annual retrofit cost and heat rate can be set as a function of in-service years to model the aging impact. On top of this, an empirical age-based upper bound can be used for each type of existing generators, such as 65 years for coal units.
This additional process allows us to model retirement of the existing capacity. Then, we can continue with our SCM algorithm discussed previously.
VI. ERCOT 2030 CASE STUDY
Generator parameter forecasts and hourly net load forecast in AURORA database [10] are utilized as our simulation input for ERCOT 2030 case study. Note that new coal units are no longer economical due to the low projected natural gas price. As is shown in Fig. 13 , if no existing capacity is considered, the leastcost system should consist 59.2 GW of CC and 36.4 GW of CT.
The existing thermal fleets in 2030 are obtained based on 65 years lifetime for coal units, 55 years for CCs and CTs, and 60 years for nuclear assumption. Due to assumed low retrofit costs, no units are retired due to economical issues. These 378 existing units are then summarized into 6 sets of generic technologies, 5 GW of nuclear, 20 GW of coal, 36.4 GW of two CC types, and 3.4 GW of two CT types. More sets can be specified, but we found that the result does not change, resulting from little changes in the variable costs. In fact, the two CC types or two CT types can be combined together, respectively. As is shown in Fig. 13 , their curves do not differ that much, and there will be no change in the result.
Finally, in Fig. 13 , some capacity of potential new CC and CT is replaced by the existing capacity. So, based on the input data, the ERCOT generation system actually only needs 25 GW of new CCs, and 5.8 GW of new CTs, resulting in a total of 61.4 GW of CC, 9.2 GW of CT, 5 GW of nuclear, and 20 GW of coal. The whole calculation finishes in 9.2 seconds with Intel Core i5-4690K CPU at 3.5 GHz.
VII. DISCUSSION
The proposed methodology is supported by proofs and has been tested for many practical case studies. A downloadable implementation is available at [1] . However, it is important to point out some concerns about its applications.
A. The Time Threshold
In Section III-A, we assume that the "same time thresholds" between maintaining at minimum output and shutting-down must apply to all generating technologies. A proper choice of time threshold is needed for the simulation. If the time threshold is set to be too short, such as 2 hours, it means we must shut down and restart a unit even if it will only be down for 2 hours. This is not only physically unrealistic for the baseload units to restart in such a short time, but also not economical to do so since baseload units usually have higher start-up costs. On the other hand, if the time threshold is set to be too long, such as 30 hours, the peaking units will be forced to be running at minimum output for a long time, resulting in efficiency loss. As mentioned in Section II, a rule-of-thumb time threshold can be set as 10 hours.
But still we would like to explore the impact of choices of the time threshold. The same data as in Section VI are used for the simulations and results are summarized in Table I . Changes For the ERCOT year 2030 case, only two types of generating units are economical to be added: new CC and new CT. As can be seen, when the time threshold increases, more new CC capacity is needed than new CT. This is because longer time thresholds are more economical for CC units. 7 When we increase time threshold, the CT units are forced to be running at minimum output level longer than is economical. Thus, the screening curve method will pick more CC units. The detailed discussion about the optimal time threshold for each technology can be found in [4] . The recommended time threshold is 10 hours or 12 hours.
B. The Merit Order
In Section III-A, we assume that the non-fixed cost satisfies the merit order. However, one should check if this assumption is violated in practical cases. For example, some baseload technologies, such as coal power plants, can have higher startup costs, so that the total operation cost is not dominated by the variable cost. If the start-up cost is too high, the non-fixed merit cost order assumption may not be valid. So one should be cautious when start-up cost is more than $200/MW-start. Also, when generation outages are considered, the total cost curves can be discontinuous because some nuclear power plants may have some much longer planned outage duration. Fortunately, this mostly only happens to some nuclear units, whose positions on the load levels are at the lowest anyway.
C. Non-Thermal Units
SCM is mostly suitable for examining dispatchable generating alternatives, such as thermal units. Other options such as hydroelectric and renewable resources are not easily accommodated. The root cause of this is the non-dispatchable characteristics of these technologies. Hence, the screening curve method has to model the renewables as negative load instead of generation. Consequently, the term "net load" is defined and used to simplify the capacity expansion for thermal units only. Another way to look at this is that the wind has the lowest non-fixed cost and thus is the first to be dispatched. After wind being fully dispatched, the rest of load for thermal units is the net load. This is consistent with our previous discussion about merit-order, and some extended discussions about the impact of wind on merit order dispatch can be found in [12] .
The limitation of modeling the wind and solar as "must run" units in net load is that the so called "least-cost" mix does not incorporate their capital costs in the analysis. For example, given the capacity and energy production of wind and solar, SCM is able to find a least-cost generation mix for the thermal units, but the wind and solar are not optimized in the process. As the fixed cost of renewable generation is plunging and it is becoming economically logical to expand renewable without policy supports, it is desired to be able to account for a real optimization that includes renewables. In this section, we briefly discuss an indirect way of finding the least-cost generation mix that accounts for renewables.
This approach is basically a searching process for the least-cost combination of thermal units and renewables. For simplicity, we use wind as an example for the consideration of renewables. First, a representative wind output profile (wind output level on chronological time) is obtained. Next, assume the total wind capacity to be scaled to, for example, 10 GW. Then calculate the overall cost of optimal thermal generation and the annualized cost of wind. The total cost of wind is easy to calculate, since wind mostly has fixed costs with variable operation and maintenance costs very low. Next, do the same calculation for 20 GW of wind and so forth. Iterate this process and find the least-cost combination. Big step sizes can be used to first find a rough range, then smaller step sizes may apply to get a better resolution.
The same ERCOT data as in Section VI are used for the simulations of different wind capacity. Additionally, we assume the fixed cost of wind capacity is $900/kW, which is $58/kWyear with a 5% interest rate for 30 year. The costs for thermal units, wind, and the total of both are all plotted in Fig. 14 . Thermal units and wind are plotted as bars with their values shown on the left vertical axis; the total cost of both is plotted as a curve with its value shown on the right vertical axis.
As the wind capacity increases, less thermal capacity is needed and fewer operating hours are required for the thermal units. Both factors result in a declining thermal cost. However, because the wind in ERCOT usually blows stronger at night when the electricity demand is low, and the wind tends to stay low during the day, the increased wind capacity does not contribute much to the peak load (low peak value). Consequently, at a certain level of wind penetration, the benefit of wind integration could be canceled by keeping too much thermal capacity and restarting the thermal units too often. The least-cost generation mix includes 30 GW of wind for this example. This simple analysis has not considered additional issues such as ramp rates and regulation reserve. An upper bound of wind capacity can be set based on the load and wind profile.
D. Advantages and Disadvantages
With the proposed modifications to the SCM, the SCM can be used to approximately obtain the capacity expansion trend of a large electric power area for a predefined target year. It is a cost-based model and does not consider market paradigms. So it is more suitable for balancing authorities or ISOs rather than private investors, although ideal market-based expansion should result in similar cost-minimizing expansion decisions. There are still some limitations to the SCM, such as ramp rate constraints and discrete power plant sizes that cannot be modeled by SCM. Thus, it is not as accurate as the mathematical optimization models. Consequently, it should be used for providing generic information about a major expansion plan rather than a minor one.
On the other hand, one advantage of SCM is that it can provide capacity expansion results in a short time (a few seconds) compared to optimization models (usually more than 20 hours) for the same case study. For this reason, it is useful to explore cost sensitivity or other studies that require multiple simulations. In addition, the SCM provides quick and intuitive plots for researchers to understand the reasons behind the generation mix result. Furthermore, SCM can also be incorporated with optimization models to screen out expensive generating units and to reduce the candidate group for the optimization models, in order to accelerate their computation.
VIII. CONCLUSION
One of the biggest drawbacks of Screening Curve Method (SCM) was the lack of consideration of existing capacity. This paper proposes a methodology that solves this problem. In addition, the optimality condition proofs are provided and the method is illustrated with examples. An ERCOT case study is demonstrated, showing the difference with and without the consideration of existing capacity. Some initial ideas about incorporating renewables using the proposed method are discussed. The proposed method is intuitive, providing good interpretation for the capacity expansion. Multiple simulations can be done in a short time, which is suitable for sensitivity analysis. Finally, further developments become possible based on the proposed method.
